We present CORE-MI, an automated evaluation and assessment system that provides feedback to mental health counselors on the quality of their care. CORE-MI is the first system of its kind for psychotherapy, and an early example of applied machine-learning in a human service context. In this paper, we describe the CORE-MI system and report on a qualitative evaluation with 21 counselors and trainees. We discuss the applicability of CORE-MI to clinical practice and explore user perceptions of surveillance, workplace misuse, and notions of objectivity, and system reliability that may apply to automated evaluation systems generally.
INTRODUCTION
In 2015 over 5 million Americans accessed mental health services [47] , and mental health and addiction problems are among the most common causes of disability in the U.S. [49] .
Psychotherapy -a conversation between a client (or a group of clients) and counselor -is an effective treatment across a broad range of mental health and addiction problems [28] . Among approaches to psychotherapy, Motivational Interviewing (MI) is effective in promoting behavior change, particularly for addiction and behavioral health problems [35] . MI is explicit in its reliance on the therapeutic relationship (e.g., empathy, collaboration) and promotes specific counselor relational strategies such as the use of open-ended questions and making high-quality reflections of what the client has said.
Although MI has demonstrated efficacy in many researchbased clinical trials [32] , the quality of MI delivered in realworld settings can be highly variable, due to heterogeneity in the quality of training and supervision [40] . Gold-standard training and supervision involves recording sessions, deriving performance-based feedback from session recordings, and providing expert consultation and coaching. Unfortunately, this approach is time consuming, expensive, and does not scale up to real-world settings [1, 23] . Due to time, resources, and confidentiality issues, in many clinics supervision either does not occur or is often based upon the self-report of the counselor rather than independent observation of clinical sessions [17] . Independent, performance-based feedback is key to promoting and maintaining counselor skills [46] , and so relying on retrospective self-report as the sole source of supervision data limits supervisors' ability to provide constructive, actionable feedback.
Advances in machine learning (ML) and natural language processing (NLP) offer computational methods to automatically map spoken language in psychotherapy sessions to quality indicators and performance-based feedback [38] . Recent work has demonstrated that MI sessions can be evaluated using ML and NLP methods, and that machine-coded sessions can be comparable with humancoded sessions [1] for both specific, granular techniques (e.g., the quality of individual counselor reflections [8] ) and for broad evaluations of an entire therapy session (e.g., how empathic the counselor is toward their patients [51] ). These results suggest that NLP and ML may be used to offer counselors fast, reliable, objective feedback to support highquality therapy.
In this paper, we describe Counselor Observer Ratings Expert for Motivational Interviewing (CORE-MI), an automated performance-based feedback system for MI, and report results from a qualitative evaluation with 21 counselors and trainees. We offer two contributions to the field of interactive system design. We present the first study of perceived applicability of automated evaluation software for psychotherapy, an under-studied but potentially important domain for interaction design research. We also identify challenges for user adoption of, trust in, and satisfaction with automated evaluation systems that may apply to machine learning systems generally.
RELATED WORK
There is growing interest among interaction design researchers in bringing computation to bear on problems associated with mental health. For instance, there have been recent efforts to automatically identify and diagnose suicidal ideation [15] , insomnia [25] , and other mental health disclosures [33] by analyzing social media [3] and mediated speech [10] .
In a more interventionist vein, researchers have explored the potential for interactive games to teach users about anxiety disorders [48] and treat geriatric depression [30] , while others have investigated the potential for mobile technologies to support users to monitor and reflect on symptoms of bipolar disorder [4] , anxiety, and autism [41] . There have also been experiments in using augmented and virtual reality environments to offer exposure therapy to sufferers of PTSD [42] and phobia [50] .
In the psychotherapy domain, there are several commercially-available systems that provide automated therapy, particularly cognitive behavioral therapy (CBT), a widely-used evidence-based therapeutic practice. Interestingly, a recent evaluation of automated CBT systems found that users fared poorly if they didn't also receive human support [39] , a need that has been well-documented in the eMentalHealth literature (e.g., [26] ). There are also established services that provide mediated counseling via the Internet and telephony networks (e.g., [29] ), although prior work has found high attrition rates among users of these services [12] .
While prior work has often emphasized supporting clients and promoting wellbeing, our work focuses on enhancing the work of professional counselors. Although less developed, there have been recent efforts in this area, including tools for counselors to construct therapeutic game environments for clients [13] , and mobile phone applications that enable adolescents who experience mental health disorders to monitor their symptoms for later review with healthcare providers [34] .
Despite this flurry of activity, there remains a dearth of research into computer support for training and evaluation of mental health practitioners. One notable exception has been the development of virtual standardized clients, which are conversational agents that simulate symptoms of various mental health conditions [27] . We believe that the relative lack of attention given to training and assessment is an unfortunate oversight, because most psychotherapy will continue to be delivered by human counselors for the foreseeable future, and at present, the quality of psychotherapy in the community is highly variable [22] .
CORE-MI OVERVIEW
The Counselor Observer Ratings Expert for Motivational Interviewing (CORE-MI) is an automated coding and visualization system that provides report-card like feedback on psychotherapists' adherence with MI [24] . CORE-MI combines speech and language processing with automated coding and interactive visualization to help counselors and trainers identify strengths and areas for improvement ( Figure  1 ).
Speech and Language Processing
CORE-MI utilizes foundational speech signal processing methods to translate an audio-recording of an MI session into a numeric representation of semantic and vocal acoustic data, which are in turn used as features in machine learning predictive models. Key processing steps include: voice activity detection (i.e., is someone speaking or not?), speaker segmentation (also called "diarization"; i.e., which person is speaking?), role identification (i.e., is the speaker the counselor the client?), and automated speech recognition (i.e. what is being said?) [51] . Additionally, paralinguistic information such as prosody, pitch, speech rate, and intensity are all estimated. A variety of machine learning approaches have been used to take these speech and language derived inputs and predict MI-relevant features of the session.
CORE-MI makes use of the Barista open-source speech processing framework [14] .
Automated Coding
CORE-MI provides feedback on standard MI quality measures described in the Motivational Interviewing Treatment Integrity Scale [37] .
Summary Measures
The report presents users with an overall MI fidelity score: a composite metric of the six standard summary measures of MI quality: empathy, MI spirit, reflection-to-question ratio, percent open questions, percent complex reflections, and percent MI adherence. Overall MI fidelity is rated on a 12-point scale; in each of the six domains, counselors can receive one point for passing basic proficiency benchmarks and two points for passing advanced competency benchmarks, where these benchmarks have been defined by the treatment developers.
The second measure is MI adherence, a percentage-based metric, that divides the total number of MI-adherent utterances (e.g., asking open questions, making complex reflections, supporting and affirming patients, and emphasizing client autonomy) divided by the sum of MI adherent and MI non-adherent counselor behaviors. Therefore, any score less than 100% indicates a session where the counselor used at least some non-adherent behaviors (e.g., being confrontational or giving unsolicited advice).
MI spirit and empathy are additional global ratings that capture the "gestalt" of the session. MI spirit assesses the overall competence of the counselor along dimensions of collaboration, evocation, and autonomy. Empathy measures the extent to which the counselor makes an effort to understand the client's perspective. Both are rated on a 1-5 Likert scale.
Behavior Counts
CORE-MI also tracks three "behavior count" measures that characterize the quantity and quality of questions and reflections in the discourse. Questions and reflections are key discursive elements in MI. Behavior count quality metrics include: 
Interactive Visualization
CORE-MI provides a report card-like, visual summary of counseling sessions (figure 2). The visualization is implemented in HTML and JavaScript, and makes use of the D3 visualization library. It is accessible through standard web browsers on a variety of devices and platforms, but the design is optimized for tablet-like devices.
At the top of the CORE-MI summary report page is information identifying the session, the counselor, and the client. The feedback portion is organized with the highestlevel, summary data at the top and shows progressively more specific metrics throughout the page. Near the top-right of the page is a Notes section, which offers a free-field text entry box for trainees and supervisors to add comments on a session. Interactive "information buttons" are available throughout and can be selected by users to view detailed information about particular measures. For example, a user might select the button next to the MI Adherence title to read about the how that measure is calculated, and desired competency thresholds.
The report prominently features an Overall MI fidelity score that aggregates all measures to give an impressionistic view of the participant's general level of adherence to MI principles. MI adherence, another summary rating, is depicted as a pie chart. Changes in color highlight the counselor's level of proficiency. MI spirit characterizes the general therapeutic style of a session, captured by how collaborative, accommodating, and supportive the counselor is. Empathy is the degree to which the counselor makes efforts to see and understand their client's worldview.
The behavior counts section of CORE-MI provides finer grained feedback, focusing on summaries of specific types of counselor statements. Like the global ratings, each behavior count is visually depicted as a horizontal bar graph with colors changing as different levels of proficiency are reached.
The session view displays percentage of counselor and client talk time as a bar chart, and includes a session timeline that illustrates turn taking, with counselor and client speech indicated in different colors. Color intensity is mapped to vocally-encoded arousal, such that dark hues indicate a speaker speaking intensely -perhaps in anger, frustration, surprise, or joy. The top section of the session timeline represents the entire session and contains a moveable window that can be stretched and dragged over the bar to focus in on specific sections, shown in the bottom section at a larger scale. Hovering over specific talk turns brings up a transcription of the utterance and how the system coded it (e.g., as a counselor's open question). In this way, the session view provides an overview of key session dynamics, directs the user's attention to areas of greatest interest, and enables her to review key exchanges.
System Reliability
CORE-MI evaluates counselor fidelity to MI via the motivational interviewing skill code (MISC) [36] , which is a gold-standard, human-based rating system. The ML / NLP system in CORE-MI was trained on a dataset of 300K utterances from 356 MI session recordings, which were hand labeled by an 8-person coding team using established MISC coding protocols [31] . Various machine learning models have been evaluated for predicting MISC codes (i.e., MI quality metrics) from word-based and paralinguistic (e.g., tone) features [9] [45] [51] . Averaging over all counselor codes, the correlation of model-based predictions with human-generated codes was found to be 93% of human reliability (SD = 16%) [7] . It is worth noting that, because human ratings are measured with error [i.e., inter-rater reliability is < 1.0], machine learning based predictions can never be higher than human reliability).
Overall, common codes and session summary codes (e.g., different types of counselor questions and reflections; empathy) are strongly predicted by ML/NLP models. Infrequent codes (e.g., confront) are more challenging for human and machine coding.
STUDY DESIGN
Counselors in community clinical practice are rarely evaluated, and never by an automated system. As such, we anticipate that CORE-MI may be disruptive to typical clinical workflows and may not be acceptable to all users. To better understand these concerns, we conducted a study of likely users' attitudes towards automated evaluation. We were particularly interested in three questions: Counselors were sampled from two training categories. Clinicians-in-training (n = 10) were recruited from master's (n = 8) and doctoral (n = 2) level clinical training programs, and all clinicians-in-training were enrolled in introductory counseling training courses. The trainees reported having either no training or experience with MI (n = 4), or some familiarity, but no training, with MI (n = 5). One participant did not provide information on their experience in MI.
Experienced counselors (n = 11) were recruited from local community mental health sites. Contact information for experienced counselors was obtained via a snowballing sample where individuals within the mental health community spread information about the study via word of mouth. Seven of the experienced counselors were doctoral level practitioners who have been licensed for more than two years (n = 7), and four of the experienced counselors were licensed master's level practitioners. Regarding training experience, participants reported that they received training MI training and integrate MI in their practice (n = 2), are members of an MI organization (n = 1), have familiarity with and formal training in MI (n = 7), or have familiarity with, but no formal training, MI (n = 1).
Methods
This was a qualitative, mixed-methods study. Participants conducted brief counseling sessions with standardized clients, which were analyzed by CORE-MI. Participants were shown their results and interviewed by the research team. Interviews were recorded and transcribed, and thematic analysis was employed to analyze transcripts.
Standardized Patients
Each counselor participated in a 10-minute mock counseling session with a single graduate student, who was trained to portray a client seeking substance abuse treatment. This approach is often called a standardized patient (SP), and is a well-established research technique among psychotherapy researchers (for an example, see [2] ). The SP profiles included an individual who was addicted to methamphetamines, and two college aged individuals seeking treatment for their alcohol usage. The SP profiles were randomly assigned to participants and enacted by four different graduate students.
Semi-structured interviews
SP sessions were recorded and analyzed by the CORE-MI system. Counselors received an email containing a URL to a password-protected CORE-MI summary report of their session. After the counselor had an opportunity to independently review his or her results, a semi-structured interview was conducted by a member of the research team. During the interview, the researcher presented the report on a laptop and used a think-aloud protocol as the counselor navigated the report, asking clarifying questions when necessary. Participants were also asked about their perceptions of the report, and to provide feedback on each report section. Researchers probed on counselors' responses to receiving automated feedback on their clinical work, thoughts on incorporating CORE-MI into their clinical or training practice, and about the counselor's comfort and experience with MI.
Thematic analysis
Interview sessions were video recorded and transcribed verbatim. Following transcription, a team of eight researchers used thematic analysis [5] to identify common themes in participant interviews. First, each researcher read four transcripts and created their own code-books of salient themes. After independent coding, researchers convened to compare themes. The researchers reached consensus on common themes, and developed domain categories: higherlevel codes that describe similar themes [11] . Finally, researchers created a master codebook based on the generated domains and themes. All of the transcripts were then coded using the master codebook. To increase the trustworthiness and dependability of the findings, the researchers engaged in consensus coding throughout the study [18] . Each feedback session was coded four times by different researchers, and researchers met weekly to resolve disagreements and reach agreement on codes until all transcripts were analyzed. The researchers shared their rationale for specific codes and discussed how their codes may have been influenced by their views and biases.
RESULTS
Participants generally provided two categories of responses. The bulk of each interview was dedicated to providing specific responses to the CORE-MI summary report. However, participants also speculated on CORE-MI's applicability to clinical practice. For clarity, we report these responses separately.
Reactions to the CORE-MI summary report
Three major themes emerged in participants' discussions of the CORE-MI summary report: user interface, quantitative measures, and personal reflections. The user interface codes encapsulated participants' comments about layout, usability, accessibility of information, and aesthetics. The quantitative measures theme referred to the different MI quality metrics and language summaries presented by the tool. Personal reflections pertained to participants thinking about their own clinical work with patients, prompted by the CORE-MI report.
User Interface
Participants provided substantial feedback on the user interface. Much of this is specific to the CORE-MI report and may not be easily generalizable to other systems. We report these results in the interest of completeness, and to aid the reader in determining what if any influence user interface may have had on participants' overall impressions of CORE-MI.
Upon opening the feedback tool, many (10) participants said the layout was clean, uncluttered, and simple, though three participants attributed overlooking some information due to the simplicity of the layout. One participant found the amount of information initially overwhelming and difficult to navigate. Twelve participants described initially looking at the fidelity and adherence scores or the global ratings graphs and moving across the interface from left to right and then up to down. If the graph was viewed first, two participants noted that it was because it was in the middle of the page. Eight people found the bar graph benchmarks to be visible, eye-catching, and a familiar and easy way to assess proficiency, although some reactions were mixed regarding the ultimate meaning of these benchmarks and the information they conveyed. Participant 2E noted that the graphs "present nice and look really good."
16 participants used information buttons to gather information from the written statements, when they were feeling confused, and to retroactively confirm their assumptions about definitions and interpreting scores. As noted by participant 8E, "the info boxes were helpful," and the 16 participants indicated that they were intuitive to find.
CORE-MI presents detailed information on the Session Timeline, including talk-turns, vocally-encoded arousal, transcription, and behavioral codes linked to transcript. Participants described scrolling through the timeline in conjunction with reflecting on their session, examining the transcript as an indicator of their performance, and using the timeline transcript to confirm the accuracy of other measures. The participants also scrolled over the color blocks and saw the transcription and behavioral codes. There were concerns with the accuracy of the computer-generated transcript, but participant 14N noted that "eighty percent of Different colors throughout the layout represented different concepts, and participants described a variety of thoughts surrounding the colors. Participant 5N noted the colors were, "calm…not passive." Nine participants used the colors to distinguish between counselor and client utterances on the session timeline as well as to distinguish between basic, intermediate, and advanced competency levels. Five participants noted that they recognized the change in color as a metric for proficiency (basic to advanced), though there were mixed feelings about how to interpret these findings. These participants described their interpretations of the competency metrics in conjunction with their personal feelings of their performance during the session.
Five participants did not notice varying color intensity on the session timeline. This may be due to relatively consistent levels of arousal during the SP sessions, and the corresponding consistency in color intensity across the session timeline.
Overall, participants found the interface usable and demonstrated basic competency with the system, including the ability to access information, interpret their scores, and generally understand how automated evaluation related to their sessions.
Quantitative Measures
Overall MI fidelity was described as a salient measure. Six participants indicated they looked first at fidelity and considered this metric as important when interpreting the feedback page overall. Participant 10E, a novice counselor, noted that they looked to see whether they got a "passing grade." Novice counselors seemed to interpret these scores as academic ratings, possibly due to the majority of their professional development occurring through classes. Alternatively, participant 3E, an experienced counselor, reflected on what this number meant for their performance and professional development. Participants, both novice and experienced, expressed a desire to see how their scores changed over time, broadly and with particular clients.
Several participants indicated they struggled to understand some of the measures. This was particularly true for global ratings (empathy and MI spirit) as well as overall evaluations of fidelity and adherence. Seven participants, a majority of novice counselors, reported not fully comprehending the meaning of MI Fidelity score; perhaps due to a lack of experience in the field and not having a more practical understanding of fidelity that might be held by experienced counselors. Nonetheless, these participants expressed confidence in the accuracy of the scores.
Four participants who said they didn't understand some of the measures wanted to know more about their definitions or calculations. This desire seemed primarily motivated by participants seeking to improve their scores.
Several counselors commented on the apparent objectivity of quantitative data and automated systems. Five participants preferred the simplicity of behavioral count data to interpretive measures because it was "raw" and "objective." The same general attitude held for percent talk time.
Several novice counselors cited objectivity as contributing to their willingness to accept automated evaluation. For example, participant 16N said it was "hard to argue with a computer," and that the feedback data was objective because it was computationally derived instead of human evaluated. Participant 9E said it was in some ways easier to accept automatic feedback because it was "objective" and did not generate defensiveness in the same way as a human supervisor might when delivering critical feedback.
Overall, participants accepted the accuracy of the measures. Sixteen participants, both novice and experienced counselors, expressed a general acceptance of the accuracy of the measures despite not knowing how some constructs were defined, and in some cases, questioning transcription accuracy.
Experienced counselors were more likely to question the accuracy and calculation of feedback. For example, participant 1E expressed skepticism about how the computer program coded specific utterances and questioned the accuracy of his scores.
In summation, counselors were receptive to automated feedback, and were generally confident in the accuracy of CORE-MI measures despite not fully understanding how they were derived. Several explicitly invoked notions of objectivity as underlying CORE-MI's appeal.
Personal Reflections
The majority of participants (18) reflected upon how they interact with clients and their use of particular techniques, while they examined the CORE-MI report from their session with the standardized patient. Participants were particularly aware of how personal experience influenced their approach therapy. For example, participant 3E shared, "I think we all internally have a sense of space and how dominant we are in the room but that's I think so contingent upon your history and your family…so actually [the percent talk time] was a really helpful number for me to look at."
Nine participants compared scores from measures on the CORE-MI with their perceptions of how they conducted therapy. In particular, participants described how their CORE-MI scores were consistent with their therapeutic style or experience level. For example, participant 1E indicated that, "I tend to ask a lot of questions and that is my form of directiveness in session which is something that in the past I've tried to curb…and this just really brought out to me that I'm still being pretty directive." In addition, participant 6N indicated that, "I'm on a good course you know I'm just under basic and given my level of experience I think that's fine." 
Clinical uses
Participants also speculated about CORE-MI's suitability for clinical use. Three subthemes emerged in these discussions: personal data benchmarks, supervision and training, and workplace concerns.
Personal Data Benchmarks
Throughout the interviews, participants seemed particularly contemplative about how to internalize feedback and curious about how scores were generated in order to integrate the feedback into practice. Participants expressed the desire to make personal improvements based upon the feedback provided. As was mentioned above, participants' questions about how measures were calculated appeared to be motivated by the desire to improve their scores (rather than, say, to challenge an assessment, or to simply understand how the system worked).
Many participants expressed interest in using CORE-MI to monitor how their practice evolves over time. Both novice and experienced counselors projected using this tool across multiple sessions with multiple clients to examine trends and patterns and study their counseling style with different clients.
Participants were curious about including information related to the counselor's progress in fidelity and adherence scores across multiple sessions. Two suggested including a personal average (based on the average across one's clients), as opposed to only comparing scores to a normative sample. Two others (8E and 9E) mentioned tracking how their practice evolved with particular clients. Participant 9E noted that "is not only how do I measure compared with the general (normative sample), but how do I compare myself with that particular client." The same participant (9E) referred to this concept as "personal data benchmarks"; they explained that this information could provide "longitudinal information of what's going on with a specific client", thus, suggesting the system's use for treatment plan and recommendations.
Three participants suggested additional behavioral count data such as amount of silence, and total time spent on reflections and questions, and imagined using these raw, basic numbers to gauge their own performance over time, or compare themselves to other practitioners. Participants also wondered about a method of continuously interacting with the feedback by adding comments about their clinical work. For example, participant 7E was curious about the tool's possibility to generate specific strengths and growth areas based on the computer-generated feedback. They indicated that an overview of these might better contextualize the information about the scores and the presented information.
One participant (15N) expressed her interest in delivering specific psychotherapy training before and after the implementation of the tool, as a way for counselors to stay current. Participant 12E recommended the use of alternate data to verify the tool's assessment; he noted that "it would be cool if it had physiological data (e.g. heart rate, skin response) to rate the session."
Training and Supervision
All the participants noted the potential use of the feedback tool in their clinical practice and supervision. A novice counselor (15N) stated "I could see it being used with therapy sessions being recorded and then using this tool to provide feedback. I could see a supervisor reviewing it first and then adding notes here." Eleven participants talked about the value of the tool within a training context, particularly noting the potential for supervisors to monitor trainees' progress.
Eight participants described how the CORE-MI could be integrated into the supervision and training of new counselors by generating detailed feedback for trainees and opening discussion of development of specific skills. In particular, they suggested that CORE-MI could be used to give quick, immediate feedback after sessions and could help counselors objectively see how they are interacting with clients. Participant 9E stated that "if I was doing this with someone, like a supervisee…we can visit numbers and I think they would be really good talking points. You know, like data that we can really reflect on." Similarly, participant 3E indicated that, "a lot of times in supervision we're looking at these more global things around content and really drilling down into the phrasing of questions and so on, [CORE-MI] would be really valuable I think." Eight participants also described how the notes section could be helpful by being used to give feedback of strengths and weaknesses to providers. Notes could be linked to specific instances in therapy sessions to explore ways that counselors could improve. For example, participant 10E shared that, "I think it would be useful for the clinician as well to jot down things that they thought were good that they did, areas for growth." Finally, seven participants indicated that CORE-MI could establish benchmarks for whether providers are meeting adequate standards. Participants discussed how CORE-MI could be particularly useful in evaluating providers after they graduate. For instance, participant 9E stated that "at some level this could be used as a performance evaluation for an experienced counselor. Because once you become licensed you literally don't have to be supervised." Three participants highlighted the need for training on how to use and interpret the different measures included in the feedback tool, both to enhance their own understanding and as a bulwark against misuse.
DISCUSSION
Our findings demonstrate that counselors are generally receptive to introducing a computer-generated assessment and evaluative technology into clinical settings. Trainee participants generally perceived the application as usable, and professional participants seemed genuinely excited about its potential to enhance clinical practice, promote skill development, and improve the quality of supervision.
Further, CORE-MI seems to encourage psychotherapists' self-reflection on their practice, which we take as a good indicator that the system can play a role in ongoing skill development. Participants drew links from the CORE-MI report to clinical activities and their approach to therapy, with little prompting from investigators. As described above, several participants described CORE-MI as offering a quantitative perspective on their implicit beliefs about therapeutic style and areas for improvement.
We also note that novice and expert counselors alike expressed interest in using CORE-MI to monitor changes in their practice over time, and to use CORE-MI for training and supervision. This suggests that counselors of varying levels of expertise are generally interested in continuing to improve their practice and see a role for automated evaluation in ongoing education and skill development.
However, we did observe differences in how novice and expert counselors perceived the system. Trainees generally accepted the accuracy of CORE-MI scores (regardless of whether they understood how those scores were generated, or what they meant), while experienced counselors were more likely to question the validity of scores that did not match their subjective perceptions of their own performance. It may be the case that experienced counselors have a better understanding of the nuances of motivational interviewing and are thus able to probe more deeply into the meaning of particular scores. It might also be the case that novice counselors are more habituated to receiving performance evaluations, and thus are more accepting of this kind of feedback than their more experienced counterparts.
This study also suggests several challenges and opportunities for future development of CORE-MI. The first of these stems from the surprising finding that participants expressed great enthusiasm for and general trust in CORE-MI, even as they acknowledged they did not fully understand how feedback was derived or what precisely it meant. This tension applied to the application as a whole, and also to specific measures: as described above, participants relied on MI Fidelity as a primary performance measure and reflected on its implications for professional development, while simultaneously expressing a lack of understanding of the components of their score.
From one perspective, it may seem encouraging that participants were willing to accept feedback results as valid, as future iterations of similar tools may not struggle overmuch to establish legitimacy. However, this also raises concerns that counselors and supervisors could uncritically accept machine-generated ratings. It may become necessary to provide additional information to ensure users' interpretations of automated ratings matches their intended meaning and actual system capabilities as closely and reliably as possible.
We suspect that these findings may be at least partially attributable to general enthusiasm for the CORE-MI system, and to a broader cultural valorization of quantification and machine learning. We also hypothesize that recruiting participants with limited MI training may explain some of the misunderstandings about standard MI evaluation measures. Nonetheless, users' ability to trust in a system that they don't understand has been previously observed [21] , and is endemic to ML systems-particularly when system predictions are based on trained non-linear ML models rather than on theoretical models. This is not to say that users will blindly trust ML systems. But, prior work suggests that evaluations of a system's reliability are based on subjective perceptions of its output and the perceived "soundness" of its reasoning rather than on statistical evidence of its accuracy [43] . The implication for system designers is that users' willingness to trust and ultimately adopt ML systems is dependent on perceived "legibility," meaning, the degree to which system behavior seems to "make sense" to its users, regardless of its mechanism or statistical accuracy [19] .
We also uncovered apprehension among potential users, including concerns about surveillance and misuse in the workplace. Several participants expressed concern that CORE-MI assessments might be adopted by supervisors and administrators as performance benchmarks, with at least one participant expressly invoking the possibility of "getting fired" based on a CORE-MI evaluation. These concerns were particularly pronounced among expert counselors, who presumably have more professional experience than their less experienced counterparts and are thus more sensitive to workplace issues.
We think there is an interesting link between these concerns, and the perception that CORE-MI provides objective assessments of counselor performance. As has been previously shown, ML systems can inherit biases implicit in their design and in the data sets upon which they are trained [6] [44] . Nonetheless, they are often perceived as and valued for their apparent lack of prejudice.
Participants in our study suggested that automated evaluation's perceived objectivity might facilitate better, more open reflection and communication, because counselors might be less defensive receiving critical feedback from a machine than from a human supervisor.
Most notably, automated assessment was also seen as more definitive than human evaluation. This could be taken to suggest that CORE-MI predictions will lead to greater acceptance of counselor's shortcomings, and thus will promote learning and enhance performance. Viewed through the lenses of workplace justice, though, this observation takes on a darker hue. As system designers, we acknowledge the very real potential for CORE-MI to be adopted as a performance evaluation and selection tool. At the same time, we also recognize the inherent fallibility of machine learning systems. As such, we understand the possibility that decisions about counselor performance may be based on mistaken predictions made by machines, whose very status as machines simultaneously render them unassailable even as they make mistakes. While it may be "hard to argue with a computer," as designers it is our responsibility to create mechanisms that enable users to do precisely thatparticularly when the predictions that our systems make have the potential to adversely impact human welfare [19] .
We believe that concerns about system fallibility, perceived objectivity, and workplace justice may be broadly applicable to the design of ML-based automated evaluation systems for human service and other contexts. This suggests a vital new research area for research.
Prior research on interaction design and machine learning often focused on consumer applications (e.g., recommender systems), and much of it was conducted at a time when ML systems were relatively uncommon. In recent years, these systems have increasingly "become real" [20] , finding widespread adoption and media attention. At the same time, they are finding their way into human service domains, including healthcare [52] , public safety [16] , and transportation planning. With these applications, ML is being used not simply to predict user preferences, but to anticipate and evaluate human performance in contexts involving human life, livelihood, and well-being. These are high-stakes applications where trust and perceptions of accuracy have significant consequences for end-users, and for the lives that depend on the decisions they make. As researchers, we have an important role to play in understanding these implications, and hopefully, helping to mitigate these risks.
LIMITATIONS AND FUTURE WORK
We acknowledge the limitations of our recruiting methods. Half of our study sample consisted of psychotherapy students, who are accustomed to having their counseling sessions recorded and evaluated. As such, they may be unusually willing to adopt an automated assessment system. Similarly, using snowball sampling may have biased our study sample of experienced counselors towards those who are generally accepting of automated evaluation. We look forward to evaluating CORE-MI with populations who are more representative of professional clinicians.
We also recognize inherent limitations of our study design. While this study has provided useful insights into users' initial impressions of CORE-MI's potential utility, usability, and desirability, we expect that these perceptions may change with ongoing use of the system. We look forward to evaluating users' actual experience with the system in clinical settings, over prolonged periods of time.
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